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You will have to implement the same translation task as in the previous assignment, but this

time using a transformer architecture. This is broken down into the implementation steps

o~ =

the collate function for converting input data batches to PyTorch tensors,
EncoderBlock and Encoder modules,

DecoderBlock and Decoder modules,

the training loop,

the translate function to perform translation of any source sentence without knowing
the target.



Topics of this session

1. Recap of the transformer architecture
2. Batching, padding and collate
3. Common implementation pitfalls & tips

4. Your questions



Transformer Recap



The goal
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Decoder is autoregressive with contextual information from encoder
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Decoder is autoregressive with contextual information from encoder
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Overall architecture: Encoder
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Embedding
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Attention
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Overall architecture: Decoder
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Decoder Self-Attention
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Decoder Cross-Attention
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Batching, padding, collate



Transformers are (also) about efficiency: We want to parallelise as much as possible.

Since sequences have different lengths, we need to pad them in order to create a tensor!
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Padding and Attention
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Common implementation pitfalls



Incorrect use of tr.PositionalEncoding.

We provide tr.PositionalEncoding to you for the positional encoding step.
tr.PositionalEncoding adds the positional encoding to the input it is provided internally

you do not need to perform the addition step yourself!
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Including padded positions in the loss...

. incentivises the model to become really good at predicting padding.
At the expense of becoming less good at predicting interesting things.

Solution: PyTorch loss functions (nll_loss, cross_entropy, ...) have a ignore_index
parameter.

nn.Embedding similarly has a padding_idx parameter.
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Not shifting the target sequence...

. causes the decoder to learn to predict the current instead of the next word.
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Some other tips

e nn.Sequential simplifies MLP implementation: https://pytorch.org/docs/1.10/
generated/torch.nn.Sequential.html#torch.nn.Sequential.

e nn.ModuleList helps with blocks in Encoder and Decoder: https://pytorch.org/
docs/1.10/generated/torch.nn.Sequential . html#torch.nn.ModulelList.

e Consider creating additional nn.Module classes for reusable sub-blocks.
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Questions?




Room for questions
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